In this paper, we study the performance of energy-efficient resource allocation schemes for multi-cell OFDMA networks based on Game Theory. These schemes have been evaluated in the literature; however, the evaluations have been done under different system models and simulation environments, making a fair comparison unfeasible. Hence, we first develop an appropriate system model for comparison. Then, we analyze the implementation of the selected schemes under constraints introduced by the proposed system model. Finally, throughout extensive numerical simulations on a realistic environment, we evaluate the performance and tradeoffs between energy efficiency, throughput, outage probability and fairness, highlighting the need for some scheme that improves the outage probability and the throughput maintaining high energy efficiency.
Introduction
The growing demands of higher speed and reliable communications in nextgeneration wireless networks have motivated to adopt OFDMA in the current proposals for this kind of networks (3GPP LTE and IEEE 802.16m for instance) due to its robustness and flexibility. Dynamic resource allocation allows OFDMA systems to exploit multi-user diversity leading to a significant performance improve in terms of throughput, fairness and efficiency. Due to this feature, the problem of resource allocation in OFDMA has caught researchers' attention in the last years (e.g. [1] [2] [3] ).
Resource allocation schemes are designed with a specific objective, typically capacity maximization [4] . However, the need to transmit user generated content and the limited power available at user devices has motivated researchers to address the resource allocation problem in OFDMA through an energy-efficient approach. Nevertheless, the subcarrier assignment problem as demonstrated in [5] is a non-convex optimization problem thus, the global optimization of this problem is unfeasible and some alternative methods should be studied to address it.
Besides, game theory [6] that focuses in distributed solutions to agent interaction problems is presented as a valuable tool that enables the abstraction of resource allo- 
where (1) prevents the existence of intra-cell interference and (2) stands for the limited power source at mobile station.
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We consider the effect of additive white Gaussian noise (AWGN) with power 2  at the receiver; thus, the signal to noise plus interference ratio (SINR) of user k at base m such that , mn ak  over PRB n is computed as:
where , mn I is the power of the interference received at base m over PRB n :
Given the SINR ,
mn
 the goodput at base m over PRB n is obtained as:
where   
Finally, we define the no-transmission probability as the probability that in a given transmission interval, the total transmitted power of a user is equal to zero, i.e. 
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Energy-Efficient Resource allocation schemes
Since the seminal works presented by Goodman et al [16] many game theoretic energy-efficient power control and subcarrier allocation schemes have been reported in the literature (e.g. [8] [9] [10] [11] [12] [13] [14] ). As stated before, we aim to compare the performance of these schemes; however, it is worthless to make a comparison between all of them because some schemes are not feasible or simply it has been demonstrated that they are outperformed by others. Hence, we have selected three schemes for comparison, taking into account that their system models are close to the one presented in section 2 and that they consider both, subcarrier and power allocation. In the following, we give a brief description of these schemes.
Scheme 1
The first scheme is the one presented in [13] . In this scheme the problem is decoupled into subcarrier assignment and a subsequent power allocation. Subcarrier assignment is done in a centralized manner, i.e. it is performed by the base stations. To address this problem, the authors propose a heuristic algorithm to be executed by each base station in the network.
This algorithm divides the set of subcarriers N into C clusters denoted as
where each cluster has a number of subcarriers equal to the number of active users in the cell. In order to provide farther users with a significant performance and, in this way improve the fairness of the allocation, the algorithm tries to allocate one subcarrier per user in each cluster. This is done by allocating each user with its best available subcarrier starting by the users with the lowest channel gains. Nevertheless, this could induce negative effects to the global performance if users are experiencing deep fading conditions. To limit such negative effects, no subcarriers are allocated to users with too weak channel conditions. To place and adaptive threshold, it is prevented a user from receiving any subcarrier if its channel gain in its best subcarrier is  times lower than the highest one in that subcarrier. The value of the threshold is set in the interval 01   which allows to trade off performance and fairness in the network.
When subcarrier assignment has been done by the base stations, the power control is addressed as a non cooperative game between the users in the system considering QPSK fixed modulation. Particularly, based on the results on [16] , a best-response dynamic is proposed in which user k adopts a transmit power We only introduce the constraint of a minimum SINR threshold that has to be achieved and we consider the allocation of PRBs instead of subcarriers.
Scheme 2
Scheme 2, was first presented in [12] . Here, the authors claim that due to the difficulty of optimizing the non-convex function of the sum of energy efficiency, it is 22 Emmanuel Duarte-Reynoso and Domingo Lara-Rodríguez. 75 (2014) more feasible to maximize it in a time-averaged manner instead taking an averaging window of size w .
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This scheme proposes a framework where the base stations are the players that form N independent non-cooperative games, one game per subcarrier. In each game, at transmission time interval t , the base stations will attempt to maximize the average efficiency in the corresponding subcarrier, allocating it to the user with the greatest ratio between optimal achievable rate * , k mn r and its average transmit power at
It is considered that users are capable of select its modulation scheme adaptively from a set Q so that the optimal achievable rate could be not feasible; thus, it is necessary to define an efficiency gap:
where q r is the rate corresponding to modulation scheme qQ  . Hence, each subcarrier is assigned to the user that maximize
where  is a design parameter that takes values between 0 and 1. After this, each user adopts the modulation scheme that minimizes its efficiency gap and the transmit power need to achieve the SINR threshold corresponding to this modulation scheme. It is worth noting that in the proposed game, a change in the strategy of a base station might change the assigned user which usually results in different interfering power to other cells, so other cells will continue the best response dynamic until an equilibrium point is reached. However, the game doesn't guarantee to converge to an equilibrium so it is necessary to limit the maximum iteration time to prevent infinite loop.
Some refinements are needed to implement this scheme considering the model proposed in section 2. First, we consider the modulation schemes and its BLER curves reported in [17] ; those curves give us the information needed to compute the efficiency function
 
, mn e  and the goodput in (5). Second, this scheme does not consider the case where a user is not capable to achieve the minimum SINR threshold, so we established that in this case, the user set its transmit power to cero. Finally, as we stated for scheme 1, we consider PRBs instead of subcarriers.
Scheme 3
This last scheme proposed by Buzzi et al [10] , resorts to potential game theory as a potential game is guaranteed to converge to the Nash equilibrium point through the best (or better) response dynamic. It is considered a strategy space in which each user 75 (2014) choose an equal number of subcarriers L as well as its transmit power aiming to maximize the system energy efficiency.
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Taking into account these considerations, a non-cooperative potential game is proposed. The potential function is defined as the natural logarithm of the efficiencies of each user over each subcarrier: In [10] it is shown that V is the potential function when the user's utility is given by
This indicates that the best response dynamic, in which every user updates its subcarriers and transmit power to maximize (13) (in a combinatorial fashion) will converge to a Nash equilibrium point. Once that we have presented this scheme some aspects have to be pointed out with respect to the model presented in section 2.
As it was established, all the PRBs have to be allocated; thus, the value of L becomes a function of the number of active users in each cell. The authors don't impose any constraint to prevent the frequency reuse within the cell, so the best dynamic response could lead to this situation. If so, we set the next rule: if more than one user is allocated a given subcarrier the base station takes a decision, allocating the subcarrier to the user which achieves the higher efficiency. Due to the need of the base station intervention and the form of the potential function, which require CSI from all users this scheme is considered as a centralized scheme. In order to reduce the computational complexity of this scheme, which comes from the combinatorial search performed for each user, we adopt the sub-optimal implementation proposed in [10] . As in the previous cases, we consider the allocation of PRBs instead of subcarriers and a minimum SINR threshold min S .
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Numerical results
Simulation setup
In order to compare the presented schemes under realistic conditions, we set our simulation environment according to [15] . We considered a 19 cell grid, i.e. a center cell and the first two tiers of surrounding cells. To mitigate the border effect we make use of the wrap-around technique [18] . Cell radius is R  1000 m. The number of PRBs available in the system is N  50, these PRBs consist of b N  12 subcarriers and the space between subcarrier frequencies is BW  15 kHz. Location of active users follows a uniform distribution restricted to distances larger than 35 m from the base station. Maximum transmission power per user max P is set to 21 dBm and noise power spectral density at base stations is 0 N  -170 dBm/Hz. Channel coefficients are computed as:
where
hn models fast fading and is computed from ITU pedestrian-A channel profile [19] ; while , mk  is a frequency-independent factor which includes shadowing and path-loss effects: According with the results reported in [13] , we set the value of threshold  to -20 dB for scheme 1. The averaging window size of scheme 2 is 10 w  and parameter  was set to 0.7. We consider a minimum SINR threshold for all schemes equal to -1.43 dB.
Simulation results
Having established a common simulation environment we are able to compare the performance of the resource allocation schemes. This subsection presents the results for different performance metrics as a function of the distance between the user and its base station considering a fixed number of users per cell m K  20. Fig. 1 shows the average efficiency performance. As can be seen scheme 1 achieves the largest efficiency for distances shorter than 250 m while scheme 2 outperforms it for larger distances. Efficiency decays with the distance as farther users require more power to achieve the same SINR that center users. Nevertheless it is worth noting that all three schemes decay with a different rate, in particular we observe that this rate is higher for scheme 1, followed by scheme 2 and by scheme 3.
To have a better understanding of what happens with efficiency, we can resort to the results of Fig. 2 and Fig. 3 which present the average goodput and average transmit power respectively. Scheme 1's goodput is the greater for distances less than 750 m. However its transmit power is not the lowest, hence it is outperformed in terms of efficiency by scheme 2 which achieves an intermediate goodput and maintains the lowest transmit power. This is done by means of the modulation adaptation considered in scheme 2. On the other hand, scheme 3 has the lowest goodput and the highest transmit power which results in a low efficiency, which is due to the PRB assignment rule in scheme 3 that tries to introduce some fairness by allocating the same number of PRBs per user. By doing so, the performance gap between cell-center users and edge users is reduced but the goodput for all users is reduced as well. 
Fig. 4. Average number of active subcarriers as a function of the user distance
Another interesting result comes from the shape of the transmit power curve for scheme 1. Unlike schemes 2 and 3, the transmit power of scheme 1 decreases for distances greater than 350 m, which means that the number of subcarriers allocated to users at those distances by scheme 1 decreases significantly.
The number of active subcarriers per user, depicted in Fig. 4 , gives us information about the PRB allocation method of each scheme. As can be seen, scheme 1 and scheme 2 tend to allocate a greater number of subcarriers to users near the base having a drastic drop down in this number for the farther users. However, users in scheme 1 have always more active subcarriers than users in scheme 2 which indicates that the introduction of the threshold  for allocation in scheme 1 helps edge users to improve its performance. In contrast, scheme 2 doesn't have any notion of justice as it tries to maximize the overall energy efficiency sum. Besides, scheme 2's centralized allocation guarantee that all users receive the same number of PRBs and the slight decrease for farther users only indicates that their channel conditions are too bad to transmit in some of the allocated PRBs.
Finally, Fig. 5 presents the average no-transmission probability, which has not been reported for any of the compared schemes. It is noted that schemes 1 and 2 have no-transmission probabilities that are above 90% while scheme 3 maintains it below 20%. These results are directly related to the way in which PRBs are allocated and the way in which the interference is managed. In the first two schemes most PRBs are allocated to users with the best channel conditions which turn out to be the users near the base, while the farther users receive less PRBs as discussed above. Furthermore, these two schemes try to mitigate interference only through power control. On the other hand, scheme 3 performs an equal number allocation in a centralized manner; in this way, it can control the interference by means of both PRB allocation and power control. Analyzing these results we note that each scheme implies a different trade-off between energy efficiency, fairness and no-transmission probability. However, the need of a novel scheme that reduces the no-transmission probability while maintaining the energy efficiency and throughput is evidenced. 
Conclusions
A comparison considering a common system model and a realistic simulation environment between three different energy efficient game-theoretic resource allocation schemes is presented in this paper. The results show the tradeoffs in the different schemes, evidencing the need of a novel scheme which improves the fairness of the system by reducing the no-transmission probability while maintaining the energy efficiency per user.
